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ABSTRACT 
INVESTING IN AGRIBUSINESS STOCKS AND FARMLAND: A BOOM OR BUST 
ANALYSIS  
by 
Asif Rasool, Master of Science 
Utah State University, 2018 
 
Major Professor: Ryan Larsen 
Department: Applied Economics 
The recent slump in the agricultural sector started at the end of 2013. In this 
study, we analyze the change in asset compositions in an agricultural portfolio due to 
boom and bust. Farmland has been a part of portfolios since the inception of the concept 
of portfolio diversification. Modern portfolio theory (MPT) or mean-variance theory, 
introduced by Harry Markowitz (1952), is one of the primary frameworks, which have 
been used extensively in portfolio construction. MPT uses correlation to measure the 
dependence. The distributions of stock returns are rarely normal. We use copula VaR to 
deal with the assumption of normality of MPT. Copula framework helps us to determine 
the downside risk of the portfolio. The composition of an agricultural portfolio does not 
change during the sectoral cycles of boom and bust. Farmland dominates all the 
unconstrained portfolios irrespective of the framework. The restricted models hold a 
diverse pool of assets, but those portfolios have significantly higher downside risk 
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coupled with high portfolio volatilities. Markowitz framework underestimates the actual 
risk of a portfolio.           
(51 pages)  
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PUBLIC ABSTRACT 
Investing in Agribusiness Stocks and Farmland: A Boom or Bust Analysis 
 
Asif Rasool 
 
 As intelligent investors, we should always consider holding assets of different 
classes. Investing in assets from various classes allows us to minimize portfolio risks. In 
this paper, we recommend a better way of devoting money, especially for the investors 
who are interested in the agricultural sector. Historically fund managers use Markowitz 
framework to create financial portfolios. However, that framework has some fundamental 
limitations. A copula is a modern approach that counters the disadvantages of the 
Markowitz framework, to deal with portfolio construction. Copula also identifies the 
downside risk (the maximum amount of money you can lose) of a portfolio.  
We found that farmland is the best asset to have in an agricultural portfolio. 
However, farmland is scarce. So, we introduce copula, which can be used to find 
alternative assets. We also found that the portfolio composition does not change during 
agricultural boom or bust. Currently, the US agricultural sector is going through a slump 
period. Funds invested in a portfolio during the good seasons (given it was correctly 
invested) should not be altered during the bad times.     
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CHAPTER 1: 
INTRODUCTION 
Farmland has been playing an anchor role in the traditional portfolios because it is 
usually uncorrelated with the equity market (Hancock Agricultural Investment Group, 
2009) is an asset-backed investment that offers capital preservation, income, and 
inflationary growth, although relatively illiquid. Whereas investing in listed equity 
provides liquidity, it has with higher volatility relative to farmland investment (Mandal & 
Lagerkvist, 2012). The usefulness of having farmland as a part of the portfolio has made 
it expensive and scarce. As a result, investors and portfolio managers are focusing on 
finding other alternatives in the agricultural sectors to build their portfolios robust 
without depending too much on farmland. 
However, the agricultural industry of the United States is notorious for its history 
of fluctuations. The industry is going through another slump and the current crisis is 
comparable to the recession of the 80s, which was the worst since the Great Depression 
(The Economist, 2017). Historically, a boom in the US agricultural sector has always 
been followed by a bust (Henderson, et al., 2011). The agricultural downturn in the 
Midwest during the 80s provides an ideal example of that.   
The prices of wheat, corn, and other agricultural commodities reached their peak 
during 2013 (Henderson, et al., 2011). The latest downturn in the US agricultural sector 
started after a year of record profits in 2013 when the rapidly growing global supply of 
grains overtook demand, the demand for ethanol stagnated, and the Chinese economy 
faced a recession. American net farm revenue dropped from $120 billion in 2013 to an 
estimated $62 billion in 2017 (The Economist, 2017). Price of major crops (wheat, corn,
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soybeans, etc.) declined as well. According to the United States Department of 
Agriculture (USDA) National Agricultural Statistics Service, the price of corn dropped 
from $6.96/bushel to $3.29/bushel (in real term) between the periods of January 2013 to 
January 2018. The recent agricultural boom motivated researchers to analyze the 
construction of agricultural portfolios and determination of optimal weights of different 
assets in those portfolios. However, there is relatively little research done recently on the 
impact of reduced commodity prices on the role of agricultural holdings in a traditional 
portfolio. In this paper, we reconstruct some of those portfolios and compare the results.  
Modern portfolio theory (MPT) or mean-variance theory, introduced by Harry 
Markowitz, is one of the primary frameworks, which had been used extensively in the 
past. Value-at-risk (VaR) is the latest model that has been the go-to framework for 
modern portfolio managers for its versatility (Jorion, 2007). In this study, we analyzed 
the composition an agricultural portfolio by using both the standard Markowitz 
framework and the Value-at-Risk (VaR) framework. Although agricultural portfolio 
optimization is a familiar concept in the field of agricultural finance, and a wide range of 
study persist in the existing literature, this study makes the following novel contributions: 
Firstly, the study compares the result of two optimum portfolio allocations 
derived from Markowitz model and Copula-VaR model. The traditional Markowitz 
mean-variance optimization provides the benchmark portfolio, and VaR accounts for the 
downside risk of the portfolio. Copula-Var is an extension of the copula specification, 
and VaR (value at risk) is a single summary statistic that measures the worst expected 
losses during a given period (Jorion, 2007). This combination of models is still new in the 
field of agricultural finance (Nocera, 2009). 
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Secondly, the introduction of VaR. The study uses the VaR to construct an 
agricultural portfolio. Such construction is still novel in the field of agricultural finance. 
Due to VaR’s emphasis on downside risk, many consider it to be a more intuitive 
measure of risk and more readily understood by top-level managers and outside investors 
who may or may not be well trained in statistical methods (Mandal and Lagerkvist, 
2012). The model is suitable to construct portfolios because it can be applied to just about 
any asset class. And it considers a variety of variables, including diversification, leverage, 
and volatility. The framework captures both individual risks and firm wide risk (Nocera, 
2009). 
Thirdly, the time horizon. This study analyzes the portfolio composition during a 
downturn in the agricultural industry. The most recent notable similar study conducted by 
Katchova and Enlow (2005) and Chen et al. (2013).  Katchova and Enlow (2005) 
constructed an agricultural portfolio using VaR including farmland of Illinois in 2005 
when the agricultural industry was booming. And Chen et al. (2013) created a portfolio 
consisting US farmlands, agricultural equities, and commodity futures. They used 
Copula-Value-at-Risk (VaR) and Restricted Copula-VaR during an agricultural boom. 
This study focuses on the agricultural industry when it is in a slump.  
1.1 Cycles in agriculture 
The US agricultural booms follow a series of a 30-year cycle (Henderson, et al., 2011). 
The first boom was during 1910-40. The World War I caused a drastic reduction in the 
global food production. It boosted the US agricultural exports. The auspicious era ended 
with the return of the international production stability and the Great Depression. The 
industrialization of the US agriculture using the tractor and other mechanized equipment 
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limited the requirement for feed grains for draft animals (Henderson, et al., 2011). The 
second golden cycle was 1940-70. During the second world, the demand for the US 
agricultural products went up again as it did during the First World War. However, the 
primary difference was that the cycle did not end as the previous one. The adoption of 
hybrid seed corn and the 1954 Agricultural Trade and Development Assistance Act also 
supported U.S. agricultural exports’ rise through the 1950s and 1960s (Duncan and 
Bickel, 1976).  
The emergence of the agriculture industry continued till the late 80s. The trade 
negotiations with Russia and China in the 70s created new markets for the US 
agricultural products (Abrams and Harshbarger, 1979). The boom of the 70s ended in the 
early 80s. Weak global economy, global debt crisis, unfavorable exchange rates, and 
trade barriers initiated the slump of the 1980s in the US agricultural industry 
(Drabenstott, 1983). The agriculture industry rebounded at the beginning of the 90s. It 
laid the foundation for another boom period of twenty years. Strong global demand 
triggered by low production and expansion in demand from the Asian countries 
engendered this surge (Henderson, et al., 2011). However, there was a slump for a short 
period during the late 90s. The Asian Financial Crisis and overproduction in the US 
caused this slump (Gazel and Lamb, 1998). The industry fought back at the beginning of 
the 21st century. (Ghosh, et al., 2011) 
The modern golden era for the US agriculture sector is marked as 2000 to 2012. 
Strong global demand from the population growth, income rise in China, government 
policies and incentives for renewable fuel production are the drivers for this era's 
prosperity (Henderson, et al., 2011). The rise in demand for ethanol reshaped the US corn 
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markets (Abbott, et al., 2008). Low-interest rates and expansionary monetary policy of 
the government raised the value of farmlands by 25% from 2004 to 2011. The total 
investment in the agricultural sector jumped by 30% during this time (Henderson, et al., 
2011).   This change in the farming industry brought about growth and incentives to 
invest in agricultural related companies and farmland.  
The recent slump in the agricultural sector started at the end of 2013. The rapid 
supply of grains, a decline in demand for ethanol, and a slowed down Chinese economy 
led to this downturn, and American net farm revenue dropped from $120 billion in 2013 
to an estimated $62 billion in 2017 (The Economist, 2017). The fluctuation in the 
agricultural industry has made portfolio optimization a compelling endeavor. In this 
study, we see the change in asset compositions in an agrarian portfolio due to boom and 
bust.   
1.2 Objective 
The objective of this study is to analyze the role of agricultural investments in a portfolio 
framework during periods of an agricultural downturn. Specifically, we compare our 
portfolio results to the previous studies that was completed during a period to be 
considered a commodity boom. Using recent data, we can capture the current price 
movements and the overall downturn in the agricultural industry.  Our approach uses both 
traditional portfolio optimization and a copula VaR optimization framework. Both results 
have been compared and analyzed.  
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CHAPTER 2 
LITERATURE REVIEW 
In this paper, we concentrate on constructing an agricultural portfolio of different 
asset classes. Since the returns from these assets are not normally distributed, it is 
impractical to use traditional portfolio construction methods (like mean-variance theory) 
alone because this conventional approach assumes the normality of returns.  
In this literature review, we first discuss the traditional construction method and 
compositions of the agricultural portfolios, which is dominated by farmlands. We 
describe the logic behind the dominance of cropland in agricultural portfolios. Then we 
discuss the emergence of copula and VaR as the alternatives to the traditional approach.  
2.1 Farmland as an asset class in agricultural portfolio 
The idea of portfolio selection using agricultural assets is not new. The tools used in the 
past are different from the tools used now. Early studies focused on the reduction of 
portfolio risk by adding assets of different classes to the portfolio (Lins, et al., 1992). 
One of the earlier critical studies on agricultural portfolio selection was conducted 
by Kaplan (1985). He used six classes of assets- farm real estate, large capitalization 
stocks, small capitalization stocks, long-term corporate bonds, long-term government 
bonds, and T-bills to construct his primary non-agricultural portfolio. He used data from 
1947 through 1980 in that study and then reconstructed his portfolio by adding farmland 
to the first portfolio. The low coefficient of variation and the low correlation of cropland 
with other assets allowed him to create a robust agricultural portfolio. Farmland proved to 
be a good choice in portfolio construction.  
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In a similar study, it was found that not only farmland had a stable return as an 
investment, but it had a positive correlation with inflation and negative correlation with 
other equities also. These characteristics made farmland an attractive asset class to the 
investors (Ibbotson and Siegal, 1983). 
Although cropland as an illiquid asset, has a higher transaction cost and 
sometimes its risk (measured by variance or standard deviation of historical prices) might 
be understated, it still provides a better lower portfolio variance and higher return (Webb 
and Rubens, 1988). Portfolio selection by using real rates of returns and a multiple 
investment horizons model gave higher weights to farmland as well. These portfolios 
included a wide range of asset classes too. From an asset basket of stocks, bonds, T-bills, 
and farm assets as investment options, farmland still dominated in terms of asset weights 
in the portfolio (Moss, et al., 1987).  
Kleinwort Benson Investors (2010) constructed an agricultural portfolio using 
agricultural equities and commodities. The optimum portfolio contained agricultural 
producers, suppliers, ag-services, and ag-processors. 
A similar but more recent and comprehensive study was conducted by Chen, et al. 
(2016). Their research was different from previous ones in a sense that they used the 
Copula-Value-at-Risk (Copula-VaR) and Copula-VaR with restriction methods to select 
the optimum portfolio. Their study also found farmland to be a sound option to be 
included in an agricultural portfolio. However, one interesting aspect was that with the 
increment of risk tolerance level, the weights shifted more towards other agricultural 
assets raising the portfolio return as well. Our study is like theirs in a way that we used 
Copula-Var as well. The main difference is that we used Markowitz' mean-variance 
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portfolio model to determine our base portfolio, and we calculated the optimum portfolio 
weights during a period of slump in the agricultural industry.    
The limitations of some the previous studies, which highlighted farmland as a 
sound option for agricultural portfolio selection, was summarized by Lins, et al. (1992). 
They mentioned that most of the studies assumed the current income from farmland to 
the portfolio was farming income. However, it could be rental income as well. 
Institutional investors usually use cash rent income to calculate the portfolio return. They 
also added that most of the studies neither adjusted the taxes nor considered the scope of 
regional diversification issues. Our study solves the problem of geographical 
diversification since we used eleven different regions' farmland returns to select our 
optimum portfolios. However, the tax adjustment issue and rent income issue were not 
addressed in this study due to data deficiency.  
2.2 The rise of VaR 
Value-at-Risk (VaR) was developed and popularized in the early 1990s by a handful of 
scientists and mathematicians. It is used to estimate the probability of a portfolio of assets 
loses more than a specified amount due to adverse movements in the underlying market 
factors (Mandal and Lagerkvist, 2012). VaR became popular in the first half of the 90s. 
In 1995, the Security and Exchange Commission made it mandatory for large financial 
institutions to include a quantitative disclosure of market risks in their financial 
statements.  VaR was used to quantify the market risk. In addition to that, the Basel 
Committee on Banking Supervision allowed banks and financial institutions to use their 
own VaR calculation to set the capital requirements given the VaR was maintained to a 
minimum level (The Economist, 2017).   
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The strength of VaR lies within its simplicity. Nocera (2009) defined the core idea 
well in his article titled 'Risk Management' in New York Times: 
In its most common form, it measures the boundaries of risk in a 
portfolio over short durations, assuming a “normal” market. For 
instance, if you have $50 million of weekly VaR, that means that 
over the course of the next week, there is a 99 percent chance that 
your portfolio won’t lose more than $50 million. It expresses risk 
as a single number, a dollar figure, no less (Nocera, 2009). 
Due to VaR’s emphasis on downside risk, it is considered by many to be a more 
intuitive measure of risk and more readily understood by top-level managers and outside 
investors who often do not possess theoretical background (Mandal and Lagerkvist, 
2012). The model is suitable to construct portfolios because it can be applied to just about 
any asset class. And it considers a variety of variables, including diversification, leverage, 
and volatility. The framework captures both individual risks and firm-wide risk (Nocera, 
2009). 
However, the model is not free from its criticisms. The major drawback of using 
VaR is that it is inconsistent at times. It has been shown to be not sub-additive, which 
means the VaR of a portfolio of two securities may be higher than the VaR of each 
security (Artzner, et al., 1999). VaR might provide erroneous results when the data is not 
normally distributed (Jorion, 2007). The model has further been criticized as it led to 
excessive risk-taking and leverage at financial institutions, focused on the manageable 
risks near the center of the distribution and ignored the tails (Artzner, et al., 1999). 
Especially after the financial crisis of 2008, VaR has been criticized heavily by some 
financial gurus. In this study, we measure the downside risk of our optimum portfolio 
with the different iterations of the model. 
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2.3 The popularity of copulas 
The concept of the copula is not new by any means. Sklar introduced it in 1959. 
However, the model has gained popularity recently, especially in dealing with the joint 
probability distribution (Goodwin and Hungerfor, 2014). Although Sklar introduced the 
concept, the contribution of Joe (1993) and Nelsen (2006) is mention-worthy for the 
expansion of the framework. Copulas have been used extensively in the field of 
agriculture, risk management, insurance, financial economics, finance and so on. 
 Patton (2006) used copula to verify the assumption of the symmetric distribution 
of exchange rates. In another study, Rodriguez (2007) measured the dynamic dependency 
among international stock indices by using copulas. Jondeau and Rockinger (2006) 
extended the framework even further. They used copula-GARCH to estimate the 
conditional dependence among different global stock markets. Jondeau and Rockinger 
(2006) concluded: 
Modeling the dependency between stock market returns is a 
difficult task when returns follow a complicated dynamic. When 
profits are non-normal, it is often just impossible to specify the 
multivariate distribution relating two or more return series 
(Jondeau and Rockinger, 2006). 
 
2.4 Copula-VaR and agricultural economics 
If we follow the traditional approach like Markowitz's Mean-variance theory, to construct 
a portfolio, farmland dominates over other agricultural asset classes. One of the criticisms 
of Mean-Variance Theory is that it assumes normality of distribution. Asset returns are 
rarely normally distributed. Mandal and Lagerkvist (2012) addressed this issue of non-
normality and constructed an agricultural portfolio using Value-at-risk (VaR) and 
Conditional Value-at-risk (CVaR) methods. They used a Gaussian copula and Student's t 
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copula to create a joint distribution of return five asset classes and utilized VaR to 
construct the optimal portfolio. However, the optimum portfolio determined by the two 
approach (traditional mean-variance approach versus cupula-VaR approach) weights did 
not differ much. This study follows Mandal and Lagerkvist's path, but we have used more 
diversified asset classes. 
Even though the use of VaR in agricultural portfolio selection is still novel, the 
framework has been used extensively to measure different types of agricultural risk.   
Alouiy, et al. (2013) estimated agricultural commodity market risk using copula. Their 
study focused on the risk associated with various investment horizons. They analyzed the 
dependency structure of agricultural commodity prices concerning different risk factors. 
They found that the nature of joint distributions among different agricultural assets 
changes with different horizons of time. In our study, we assumed same investment 
horizon for all the portfolios as well as equal joint distribution among the various assets. 
The diverse use of VaR made the model very powerful. Larsen, et al. (2009) used 
the model to diversify the wheat production in different regions to minimize expected 
loss. They found that the expected loss from wheat production in three areas (Texas, 
Colorado, and Montana) could be reduced by applying Conditional Value-at-Risk 
(CVAR) method on historical commodity returns. 
Copula has been used in the field of agricultural revenue insurance as well. 
Ghosh, et al. (2011) adopted copula models to assess the dependence structure between 
yields and prices in agriculture. The study concluded that the mixture of Archimedean 
copulas improves insurance pricing. In another study conducted by Ahmed and Serra 
(2014) on the agricultural sector of Spain found that agrarian revenue reduces the 
12 
 
 
 
premium of agricultural insurance, which results in higher acceptance and demand for 
agricultural insurance schemes. 
As a conclusion of the literature review, we can say that Copula-VaR is no 
stranger in the field of agricultural economics and agricultural finance. However, the 
literature is still in its initial stage if we look for agricultural portfolio selection. This 
study contributes to this sub-sector of the discipline. It opens the door for many future 
studies. 
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CHAPTER 3 
METHODOLOGY 
This paper focuses on the selection of an optimum agricultural portfolio. We have 
tried to allocate resources (fund) on different assets (farmland, agricultural equities, and 
commodity futures). Traditionally portfolio methods have been used to solve these 
allocation problems (Harwood, et al., 1999). Portfolio methods use correlation to 
measure the dependence (Larsen, et al., 2009). However, returns are not normally 
distributed. Hatherley and Alcock (2007) posit: 
If returns are not normally distributed, estimates of the efficient 
portfolio using the mean-variance approach could be erroneous 
(Hatherley and Alcock, 2007).  
Larsen, et al. (2009) summarize the problems of using a linear correlation as a 
dependency structure:  
Firstly, if two random variables are independent, the correlation 
coefficient is zero. The opposite of this cannot be exact if the two 
random variables are uncorrelated, that does not imply 
independence. Secondly, Correlation is constant under strictly 
linear transformations. It is not constant after nonlinear strictly 
increasing transformations. Thirdly, linear correlation is only 
defined for finite variances (Larsen, et al., 2009). 
 
 Hennessy and Lapan (2003) showed that multivariate copula is the better way to 
deal with the alternative structure of dependence. In this study, we use both the traditional 
portfolio method and multivariate copula to construct our optimum agricultural portfolio 
during a downturn in the farming sector. 
3.1 Markowitz mean-variance portfolio theory 
Markowitz (1952) in his paper "Portfolio Selection' posits that risk-averse investors try to 
create portfolios to optimize or maximize expected return based on a given level of 
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market risk. He emphasizes that risk is an inherent part of higher reward. The theory is 
also known as Modern Portfolio Theory (MPT). 
MPT assumes that investors are risk-averse, i.e., given two portfolios, which have 
the same expected return, investors will choose the portfolio with less risky. Thus, an 
investor needs additional compensation to invest in a portfolio with higher risk. On the 
other side, an investor who wants higher returns must take more risk. The risk-return 
trade-off will be exact for all investors, but different investors evaluate the trade-off 
differently. It depends on individual risk tolerance level. The implication is that a rational 
investor does not invest in a portfolio if there is another portfolio with a more favorable 
risk-expected return profile. Mathematically: 
Portfolio Expected Return and Risk (Variance): 
𝐸(𝑅𝑝) = ∑ 𝑤𝑖𝐸(𝑅𝑖)
𝑖
𝑛=1
 (3.1) 
where Rp is the return on the portfolio, Ri is the return on asset i and wi is the weighting 
of component assets. Portfolio Return Variance: 
𝜎𝑝
2 = ∑𝑤𝑖
2𝜎𝑖
2 + ∑ ∑ 𝑤𝑖𝑤𝑗𝜎𝑖𝜎𝑗𝜌𝑖𝑗𝑗≠𝑖𝑖  (3.2) 
where, where σ is the (sample) standard deviation of the periodic returns on an asset, 
and ρij is the correlation coefficient between the returns on assets i and j. 
For a two-asset portfolio, portfolio return E(Rp) is given by: 
𝐸(𝑅𝑝) = 𝑤𝐴. 𝐸(𝑅𝐴)  + 𝑤𝐴. 𝐸(𝑅𝐵) (3.3) 
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And portfolio variance (risk, 𝜎𝑝
2 ) is given by 
𝜎𝑝
2 = 𝑤𝐴
2. 𝜎𝐴
2 + 𝑤𝐵
2. 𝜎𝐵
2 + 2.𝑤𝐴. 𝑤𝐵.𝜎𝐴. 𝜎𝐵. 𝜌𝐴𝐵 (3.4) 
where, wA is the weight of asset A in the portfolio, wB is the weight of asset B in the 
portfolio, and total weight, wA + wB = 1  
3.2 Limitations of linear correlation as a dependency measure  
Although correlation plays a vital role in financial theory, the approach is appropriate for 
multivariate normal or elliptical models.  The correlation ρ (X1, X2) between random 
variables X1 and X2 is a measure of linear dependence and takes values in [-1,1]. If X1 and 
X2 are independent, then ρ (X1, X2) = 0, however, the opposite is false. The non-
correlation of X1 and X2 does not guarantee independence. If │ρ (X1, X2) │= 1, then X1 
and X2 are perfectly linearly dependent i.e. X2 = α + βX1 for some α ϵ R and β ≠ 0, with β 
> 0 for positive correlation and β < 0 for negative correlation. For β1, β2 > 0, 
(𝛼1 +  𝛽1 𝑋1, 𝛼2 + 𝛽2 𝑋2) =  𝜌(𝑋1, 𝑋2) (3.5) 
In other words, correlation is constant under strictly increasing linear 
transformations, but it is not invariant under nonlinear strictly increasing transformations 
T: R → R. For random vectors: 
𝜌(𝑇(𝑋1), 𝑇(𝑋2))  ≠  𝜌(𝑋1, 𝑋2) (3.6) 
Correlation can only be defined when the variances of X1 and X2 are finite. This 
limitation to finite-variance models is not suitable for a dependence measure and can be 
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problematic in dealing with heavy-tailed distributions. McNeil, et al. (2005) illustrated 
the problems of using correlation in the form of two fallacies. Firstly, the marginal 
distributions and pairwise correlations of a random vector determine its joint distribution. 
Secondly, given univariate distributions F1 and F2 and any correlation value ρ in [-1, 1], it 
is always possible to construct a joint distribution F with margins F1 and F2 and 
correlation ρ.  Using these fallacies McNeil, et al. (2005) explained the danger in 
constructing multivariate risk models starting from marginal distributions and ideas about 
the correlation between risks. The fallacies are true for elliptical distribution but false for 
other non-elliptical distributions.  Rank correlation (derived from copulas) is an 
alternative dependency measure to counter the limitations of the linear dependency 
measure. 
3.3 Copulas  
McNeil, et al. (2005) gave a formal definition of copula. A d-dimensional copula can be 
defined as a distribution function on [0, 1] d with standard marginal distribution.  If we 
consider the notation C(𝒖) = 𝐶(𝑢1, . . . , 𝑢𝑑) is the multivariate distribution functions, 
which are copulas, the following properties must hold: 
(1) 𝐶(𝑢1, . . . , 𝑢𝑑) is increasing in each component of ui. 
(2) 𝐶(1, . . . , 1, 𝑢1 , 1, . . . , 1) =  𝑢1 for all i ϵ {1, . . . , 𝑑}, 𝑢𝑖 𝜖 [0, 1].  
(3) For all  (𝑎1, . . . , 𝑎𝑑), (𝑏1, . . . , 𝑏𝑑) 𝜖 [0, 1]
𝑑 with 𝑎𝑖 ≤  𝑏𝑖, we have 
                      ∑ . . .
2
𝑖1=1
∑ (−1)𝑖1+⋯+𝑖𝑑 𝐶(𝑢1𝑖1 , . . . , 𝑢𝑑𝑖𝑑) ≥ 0,
2
𝑖𝑑=1
 (3.7) 
where 𝑢𝑗1 =  𝑎𝑗 and 𝑢𝑗2 =  𝑏𝑗 for all j ϵ {1, . . . , 𝑑} 
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 Property (1) is required of any multivariate distribution function and the property 
(2) is required for uniform marginal distributions. Property (3) ensures that if the random 
vector (𝑈1, . . . , 𝑈𝑑)
ʹ has distribution function C, then 𝑃(𝑎1 ≤  𝑈1 ≤  𝑏1, . . . , 𝑎𝑑 ≤  𝑈𝑑 ≤
𝑏𝑑) is non-negative. These three properties characterize a copula, if a function fulfills 
them, then it is a copula. In addition, for 2 ≤ 𝑘 < 𝑑, the k-dimensional margins of a d-
dimensional copula are themselves copulas.  
 Sklar (1959) demonstrated that all multivariate distribution functions contain 
copulas, and copulas may be used along with univariate distribution functions to 
construct multivariate distribution functions. Let F be a joint distribution function with 
margins 𝐹1, . . . , 𝐹𝑑. Then there exists a copula 𝐶: [0,1]
𝑑 →  [0,1] such that, for all 
(𝑥1, . . . , 𝑥𝑑) in ?̅? =  [−∞, ∞],  
𝐹(𝑥1, . . . , 𝑥𝑑) = 𝐶(𝐹1(𝑥1), . . . , 𝐹𝑑(𝑥𝑑)) (3.8) 
If the margins are continuous, the C in unique; otherwise C is determined on Ran 
F1 * Ran F2*... Ran Fd, where Ran Fi = Fi (?̅?)  denotes the range of Fi. On the other hand, 
if C is a copula and 𝐹1, . . . , 𝐹𝑑 are univariate distribution functions, then the function 
defined in (3.8) is a joint distribution function with margins 𝐹1, . . . , 𝐹𝑑 . If the random 
vector X has joint distribution function F with continuous marginal distributions F1 ,. . . , 
Fd, then the copula of F (or X) is the distribution function is 𝐶(𝐹1(𝑥1), . . . , 𝐹𝑑(𝑥𝑑)). 
Similarly, if we assume (𝑋1, . . . , 𝑋𝑑) be a random vector with continuous marginal 
distributions and copula C, and let (𝑇1, . . . , 𝑇𝑑)  be strictly increasing functions, then 
((𝑇1(𝑋1), . . . , 𝑇𝑑(𝑋𝑑)) also has a copula C.  
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For every copula 𝐶(𝑢1, . . . , 𝑢𝑑) the bounds can be defined as follows (also known 
as Fréchet bounds): 
𝑚𝑎𝑥 {∑ 𝑢𝑖 + 1 − 𝑑, 0
𝑑
𝑖=1
} ≤ 𝐶(𝒖) ≤ 𝑚𝑖𝑛{𝑢1, . . . , 𝑢𝑑} (3.9) 
3.4 Gaussian, student-t, and Archimedean copulas 
If 𝑌~𝑁𝑑(µ, ∑) is a Gaussian random vector, then its copula is called Gaussian copula. 
Since the operation of standardizing the margins amounts to apply a series of strictly 
increasing transformation, Gaussian copula can be express as follows: 
𝐶𝑝
𝐺𝑎(𝑢) = 𝑃(𝛷(𝑋1) ≤ 𝑢1, . . , 𝛷(𝑋𝑑)  ≤ 𝑢𝑑) 
                      =  𝛷𝑝(𝛷
−1(𝑢1), . . . , 𝛷
−1(𝑢𝑑), (3.10) 
where Φ denotes the standard univariate normal distribution function and 𝛷𝑝 denotes the 
joint distribution function of X. The notation 𝐶𝑝
𝐺𝑎 means that the copula is parametrized 
by 
1
2
𝑑(𝑑 − 1) parameters of the correlation matrix. In two dimensions we can write 𝐶𝜌
𝐺𝑎, 
where ρ = ρ (X1, X2).    
 Similarly, we can extract an implicit copula from any other distribution with 
continuous marginal distribution functions. The d-dimensional Student-t copula can be 
given by, 
 𝐶𝑣,𝑃
𝑡 (𝑢) =  𝑡𝑣,𝑃(𝑡𝑣
−1(𝑢1), . . . , 𝑡𝑣
−1(𝑢𝑑)) (3.11) 
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where 𝑡𝑣 is the distribution function of a standard univariate t distribution, 𝑡𝑣,𝑃 is the joint 
distribution function of the vector  𝑋~𝑡𝑑(𝑣, 0, 𝑃) and P is a correlation matrix. 
 Both Gaussian and Student-t copulas do have well defined multivariate 
distribution functions and do not have simple closed forms. Whereas Archimedean 
copulas have simple closed form. The bivariate Clayton copula can be a good example 
for the Archimedean copula family. The Clayton copula can be expressed as: 
𝐶𝜃
𝐶𝑙(𝑢1, 𝑢2) = (𝑢1
−𝜃 + 𝑢2
−𝜃 − 1)
−1
𝜃⁄ , 0 < 𝜃 < ∞ (3.12) 
In the limit as θ → 0 we approach independence copula family and we approach the two-
dimensional co-monotonicity copula.    
3.5 Rank correlations, Kendall’s tau, and Spearman’s rho    
We have already discussed linear correlation, which depends on both the copula of a 
bivariate distribution and marginal distribution. One the other hand, rank correlations are 
simple scaler measures of dependence that depend only on the copula of a bivariate 
distribution. Rank correlation can be estimated by observing the rank of the data, actual 
numerical values are irrelevant in the estimation process.  Therefore, rank correlation can 
be used to calibrate copulas to empirical data. There are two types of rank correlations- 
Kendall’s Tau, and Spearman’s Rho.  
 Kendall’s rank correlation is a measure of concordance for bivariate random 
vectors. Two points in 𝑹2, denoted by (𝑥1,  𝑥2) and (?̃?1, ?̃?2) are concordant 
if (𝑥1 −  ?̃?1)(𝑥2 −  ?̃?2) > 0, and they are discordant if (𝑥1 −  ?̃?1)(𝑥2 −  ?̃?2) < 0. Now let 
a random vector (𝑋1,  𝑋2), and another random vector with exact distribution, but 
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independent from (𝑋1,  𝑋2), an independent copy, (?̃?1, ?̃?2). If X2 tends to increase with 
X1, the probability of concordance will be higher than the probability of the discordance. 
And if X2 tends to decrease with increasing X1, the opposite will be true. Mathematically: 
 𝜌𝜏(𝑋1, 𝑋2) = 𝑃 ((𝑋1 − ?̃?1)(𝑋2 − ?̃?2) > 0) − 𝑃 ((𝑋1 − ?̃?1)(𝑋2 − ?̃?2) < 0) (3.13) 
For random vectors X1 and X2 Kendall’s Tau is given by 
𝜌𝜏(𝑋1, 𝑋2) = 𝐸 (𝑠𝑖𝑔𝑛((𝑋1 − ?̃?1)(𝑋2 − ?̃?2))) (3.14) 
where  (?̃?1, ?̃?2) is an independent copy of (𝑋1,  𝑋2). 
For random vectors X1 and X2 with marginal distribution functions F1 and F2 Spearman’s 
Rho is given by 
𝜌𝑠(𝑋1, 𝑋2) = 𝜌(𝐹1(𝑋1), 𝐹2(𝑋2)) (3.15) 
Spearman’s rho is the linear correlation of the probability-transformed random 
vectors, which for continuous random vectors is the linear correlation of their unique 
copula. The Spearman’s rho matrix for the general for the general multivariate random 
vector X is given by  
𝜌𝑠(𝑿) = 𝜌(𝐹1(𝑋1), . . . , 𝐹𝑑(𝑋𝑑)) (3.16) 
Which is positive semidefinite.  
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3.6 Value-at-risk (VaR) optimization 
VaR is an extension of portfolio optimization. As it has been mentioned already in one of 
the previous sections, VaR (value at risk) is a single summary statistic that measures the 
worst expected losses during a given period (Jorion, 2007). Mathematically VaR is 
defined as follows: 
VaR (x, α) = min {ζ ∈ | Ψ (x, ζ) ≥ α} (3.17) 
where x is the random variable, α is the confidence interval, ζ is the lowest possible 
value, and Ψ stands for the cumulative probability of x.   
Calculation of VaR uses cumulative distribution function of portfolio returns, 
which depends on the joint distribution of gains of all assets in the portfolio. In this paper, 
we calculate the optimal allocation of each of assets (farmland, agricultural equities, 
commodity futures, and agricultural index) and maximize the expected returns 
concerning a maximum tolerable percentage of loss to the portfolio (i.e., portfolio VaR).  
The Copula-VaR method can be specified using VaR as the risk constraint and 
using a copula to capture the joint distribution and dependence structure (Larsen, et al., 
2009).  Mathematically: 
Maximize: μ (H (x1... x1)) 
Subject to: VaR (H (x1... x1)) ≤ V, (3.18) 
 
where H (x1, ..., x1) is the joint distribution of all assets specified from appropriate 
multivariate copula, μ (H (x1, ..., x1)) is the expected return of the joint distribution, and V 
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is the maximum tolerable percentage of loss for the portfolio. For the empirical model, 
the objective function and constraints are: 
Maximize: μp (ω1 …𝜔𝑁) 
Subject to εp (ω1…𝜔𝑁 ) ≤ V; 
Max (ωi) ≤ Wi; 
And ∑ 𝜔𝑖
𝑁
𝑖=1 = 1, 𝜔𝑖 ≥ 0, ∀𝑖 
(3.19) 
where μp and εp are the portfolio mean and 5% VaR, respectively of different weights 
combinations, V is the maximum loss the investor willing to tolerant at the 95% 
confidence level, and Wi is the maximum investment weight of each asset. For our 
Copula-VaR model, Wi equals 1, whereas Wi is set to 0.1 for the Copula-VaR with 
Restrictions model. 
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CHAPTER 4 
DATA DESCRIPTION 
This study uses forty-five assets in total to create the agricultural portfolio. The 
dataset contains thirty publicly traded companies from three different stock exchange 
markets- New York Stock Exchange (NYSE), National Association of Securities Dealers 
Automated Quotations (NASDAQ), and Toronto Stock Exchange (TSX).      
At first, the daily closing prices of these stocks were collected and then converted 
into monthly prices by taking their average. The dataset also contains three futures- 
wheat, corn, and soybeans. The study uses the monthly average prices of the three futures 
published by Chicago Board of Trade (CBOT), eleven state-level farmland values, and 
S&P 500 index. The farmland values were in annual terms. Therefore, it was necessary to 
calculate the yearly return at first and then they were converted to monthly returns.  The 
time horizon is from 2005 to 2017. Further, these stocks were categorized into fertilizer, 
technology, chemical and seeds, grain trading, food safety, and transportation industries. 
To study the portfolio compositions during booms and busts, we have used three 
different time frames- 2005 to 2017, 2005 to 2012, and 2013 to 2017.  2005 to 2017 
represents the whole dataset whereas 2005 to 2012 and 2013 to 2017 denote boom and 
bust respectively. 
In this paper, we have used the logarithm of returns, rather than price or raw 
returns. The assets' ticker name, company name, and description are in table 4.1. 
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Table 4. 1: Selected assets' name and description 
      
Ticker Assets Description 
 DE  Deere and Co Ag and forestry equipment 
 AGCO  AGCO Corporation Ag equipment 
 BUI.TO  Buhler Ind. Ag equipment 
 CAT  Caterpillar Inc. Ag equipment 
 RAVN  Raven Industries, Inc Ag equipment 
 AGU  Agrium Inc. Ag products 
 ADM  Archer-Daniels-Midland Company Ag products 
 MON  Monsanto Company Ag products and seeds 
 FMC  FMC Corporation Chemical 
 SYT  Syngenta AG Chemical and seeds 
 CNQ.TO  Canadian Natural Resources Limited Energy 
 ECA.TO  Encana Corporation Energy 
 NEE  NextEra Energy, Inc. Energy 
 NEC  Noble Corporation plc Energy 
 SU.TO  Suncor Energy Inc Energy 
 XOM  Exxon Mobil Corporation Energy 
 S&P  S & P Index ETF 
 CA  California Farmland 
 IA  Iowa Farmland 
 NE  Nebraska Farmland 
 TX  Texas Farmland 
 MN  Minnesota Farmland 
 IL  Illinois Farmland 
 KS  Kansas Farmland 
 WI  Wisconsin Farmland 
 NC  North Carolina Farmland 
 IN  Indiana Farmland 
 UT  Utah Farmland 
 POC.BE  Potash Corp. Sas. Inc. Fertilizer 
 TNH  Terra Nitrogen Company, L.P. Fertilizer 
 MOS  The Mosaic Company Fertilizer 
 BG  Bunge Limited  Food 
 CAG  Conagra Brands, Inc. Food 
 GIS  General Mills, Inc. Food 
 BIMBOA.MX  Grupo Bimbo, S.A.B. de C.V. Food 
 NEOG  Neogen Corporation Food safety 
 WHEAT  CBOT wheat Futures 
 CORN  CBOT corn Futures 
 SYBNS  CBOT soybeans Futures 
 STKL  SunOpta Inc Organic food 
 DOV  Dover Corporation Technology 
 TRMB  Trimble Inc. Technology 
 AJX.TO  AgJunction Inc. Trading 
 CNI  Canadian National Railway Company Transportation 
 CP  Canadian Pacific Railway Limited Transportation 
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The portfolios have been constructed from an asset pool consisting five 
agricultural equipment equities, three agricultural products equities, two chemical 
equities, six energy equities, one index, eleven farmland, three fertilizer equities, four 
food equities, one food safety equity, three commodity futures, one organic food equity, 
two agricultural technology equities, one trading equity, and two transportation equities. 
The asset pool represents all the asset classes of a standard agriculture industry 
A critical step for the VaR model is selecting the appropriate univariate marginal 
distribution. For each asset’s logarithmic return, the most suitable marginal distribution 
was fitted. Table 4.2 shows that many of the returns of the assets change their distribution 
over the different time frames and most of the assets' daily returns don’t have a normal 
distribution (a Kurtosis value of 3 represents a normal distribution). The marginal 
distributions can be expresses as logistic, Laplace, minimum extreme value, uniform, 
Weibull, and triangular. In addition, distribution of returns varies across different time 
horizons. Traditional portfolio construction using Markowitz's portfolio theory assumes a 
normal distribution over any time frames. Apparently, it is a limitation of the model. 
Copula approach not only considers the different distributions of the returns it takes the 
joint distribution of the gains into consideration as well. Table 4.3 shows the summary 
statistics for the whole timeframe 2005-17.   
To measure the symmetry of the returns, we calculated skewness. A normal 
distribution has a skewness of zero. A negative value for the skewness means that data 
are skewed left and a positive value for the skewness indicates data that are skewed right. 
By skewed left, we expect that the left tail is extended relative to the right tail. Similarly, 
the skewed right says that the right tail is extended relative to the left tail. If the data are 
26 
 
 
 
multi-modal, then this may affect the sign of the skewness. From table 4.3 we observe 
that none of the returns have zero skewness value, i.e., none of the gains have a normal 
distribution. In fact, a large number of those are left-tailed. 
For univariate data 𝑋1, 𝑋2, 𝑋3, … , 𝑋𝑁, the Kurtosis is given by: 
∑ (𝑋𝑖 − ?̅?)/𝑁
𝑁
𝑖=1
𝑆4
 (4.1) 
where ?̅? is the mean, s is standard deviation, and N is the number of observations. 
Normal distributions (which also have a symmetry distribution, measured by skewness of 
0) have a Kurtosis of 3 or very close to 3. From our table 4.3, we see that only a few 
returns have a Kurtosis value close to 3, i.e., our returns are not normally distributed.     
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Table 4. 2: Distributions of the returns of assets over the three timeframes 
        
Ticker 2005-2017 2005-2012 2013-2017 
WHEAT Laplace Laplace Laplace 
CORN Logistic Logistic Minimum extreme value 
SYBNS Logistic Laplace Laplace 
AGCO Logistic Minimum extreme value Minimum extreme value 
AJX.TO Logistic Logistic Normal 
AGU Laplace Minimum extreme value Minimum extreme value 
ADM Logistic Logistic Logistic 
BUI.TO Laplace Laplace Laplace 
BG Minimum extreme value Minimum extreme value Minimum extreme value 
CNI Logistic Logistic Logistic 
CP Logistic Logistic Logistic 
CNQ.TO Logistic Logistic Minimum extreme value 
CAT Logistic Logistic Laplace 
CAG Logistic Logistic Logistic 
DE Logistic Logistic Logistic 
DOV Laplace Laplace Laplace 
ECA.TO Laplace Minimum extreme value Minimum extreme value 
FMC Logistic Minimum extreme value Minimum extreme value 
GIS Logistic Weibull Minimum extreme value 
BIMBOA.MX Logistic Logistic Normal 
MON Logistic Logistic Logistic 
NEE Minimum extreme value Minimum extreme value Minimum extreme value 
NEOG Weibull Minimum extreme value Logistic 
NE Logistic Minimum extreme value Minimum extreme value 
POC.BE Laplace Laplace Minimum extreme value 
RAVN Normal Logistic Logistic 
SU.TO Logistic Laplace Laplace 
STKL Logistic Laplace Minimum extreme value 
SYT Logistic Minimum extreme value Minimum extreme value 
TNH Logistic Weibull Minimum extreme value 
MOS Logistic Minimum extreme value Minimum extreme value 
TRMB Laplace Laplace Laplace 
XOM Normal Normal Normal 
CA Exponential Exponential Exponential 
IA Uniform Triangular Triangular 
NE Uniform Uniform Uniform 
TX Uniform Uniform Triangular 
MN Uniform Laplace Triangular 
IL Uniform Triangular Uniform 
KS Uniform Uniform Uniform 
WI Uniform Uniform Uniform 
NC Uniform Uniform Uniform 
IN Uniform Triangular Triangular 
UT Uniform Uniform Uniform 
S&P 500 Laplace Laplace Laplace 
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Table 4. 3: Monthly logarithmic returns’ summary statistics 
              
 Ticker  Monthly Mean Monthly volatility Skewness Kurtosis Annual mean Annual volatility 
 ADM  0.38% 6.75% (0.18) 4.76 4.60% 23.37% 
 AGCO  0.81% 8.60% (1.18) 8.53 9.77% 29.81% 
 AGU  1.26% 8.83% (3.13) 27.47 15.10% 30.59% 
 AJX.TO  -1.27% 12.65% (0.01) 3.77 -15.29% 43.84% 
 BG  0.12% 7.84% (2.91) 21.31 1.49% 27.14% 
 BIMBOA.MX  1.13% 5.47% 0.19 3.58 13.61% 18.93% 
 BUI.TO  -0.32% 3.99% (0.04) 7.17 -3.86% 13.83% 
 CA  0.46% 0.90% 2.23 7.66 5.55% 3.13% 
 CAG  0.32% 4.78% (0.43) 3.85 3.87% 16.56% 
 CAT  0.76% 7.71% (1.34) 9.37 9.13% 26.72% 
 CNI  1.12% 5.02% (0.51) 5.17 13.39% 17.40% 
 CNQ.TO  0.79% 8.11% (0.55) 5.28 9.46% 28.08% 
 CORN  0.36% 7.68% (0.35) 4.40 4.32% 26.60% 
 CP  1.09% 6.56% (0.58) 5.72 13.11% 22.71% 
 DE  0.96% 7.11% (2.04) 17.02 11.47% 24.64% 
 DOV  0.72% 6.26% (1.42) 9.46 8.60% 21.70% 
 ECA.TO  -0.53% 10.07% (1.57) 10.57 -6.35% 34.87% 
 FMC  1.36% 7.45% (2.42) 18.07 16.30% 25.79% 
 GIS  0.52% 3.32% (0.39) 3.90 6.30% 11.50% 
 IA  0.87% 0.87% (0.45) 1.87 10.49% 3.00% 
 IL  0.70% 0.72% (0.18) 1.65 8.36% 2.48% 
 IN  0.61% 0.63% (0.47) 2.00 7.36% 2.17% 
 KS  0.73% 0.79% (0.16) 1.77 8.73% 2.74% 
 MN  0.72% 0.65% (0.28) 1.99 8.61% 2.26% 
 MON  0.94% 6.13% (0.52) 5.46 11.33% 21.23% 
 MOS  0.30% 11.42% (2.60) 21.68 3.59% 39.55% 
 NC  0.16% 0.34% 0.12 1.52 1.95% 1.16% 
 NE  -1.08% 10.24% (0.46) 4.79 -12.91% 35.47% 
 NE  0.90% 0.94% 0.35 2.57 10.84% 3.25% 
 NEE  0.93% 4.16% (1.34) 8.37 11.17% 14.40% 
 NEOG  1.70% 6.76% (0.79) 4.65 20.36% 23.41% 
 POC.BE  -0.11% 11.83% (3.05) 23.29 -1.32% 40.99% 
 RAVN  0.86% 7.78% (0.27) 3.96 10.32% 26.94% 
 S&P  0.52% 3.66% (2.11) 13.82 6.30% 12.68% 
 STKL  0.10% 13.94% (0.96) 6.03 1.22% 48.28% 
 SU.TO  0.51% 7.90% (1.98) 14.62 6.06% 27.38% 
 SYBNS  0.39% 6.53% (0.30) 4.14 4.66% 22.62% 
 SYT  0.96% 6.01% (1.40) 10.87 11.48% 20.81% 
 TNH  0.76% 10.88% (0.43) 4.51 9.09% 37.70% 
 TRMB  1.04% 8.53% (0.92) 6.56 12.48% 29.54% 
 TX  0.50% 0.49% (0.14) 2.13 5.97% 1.69% 
 UT  0.36% 0.69% 0.83 2.81 4.32% 2.37% 
 WHEAT  0.23% 7.84% 0.56 4.95 2.73% 27.16% 
 WI  0.54% 0.41% 0.24 2.55 6.47% 1.43% 
 XOM  0.32% 4.22% (0.08) 2.92 3.84% 14.63% 
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CHAPTER 5 
MODELS, RESULTS, AND IMPLICATIONS 
Despite its benefits in a portfolio, farmland is a scarce and illiquid asset with high 
transaction costs (Webb and Rubens, 2003). Existing literature uses farmland values 
published by the United States Department of Agriculture (USDA) to construct 
agricultural portfolios. We have used S&P 500 index as the benchmark to construct our 
portfolios because it reflects the characteristics of the most diversified portfolio possible. 
We have used the conventional mean-variance approach creating these portfolios. 
Further, we reconstruct these portfolios for the three different time horizons (2005 to 
2017, 2005 to 2012, and 2013 to 2017) to compare the different portfolio compositions. 
We have used Evolver, and @Risk, which are two add-ins for Microsoft Excel, to 
construct the portfolios. Next, we reconstruct those portfolios using copula approach. For 
the Copula-VaR model, we fitted univariate marginals into Gaussian copula to create the 
joint distribution. After that, we simulated 10,000 new observations. We used @Risk to 
estimate the Gaussian Copula parameters and simulated to produce 10,000 monthly 
returns from the multivariate joint distribution. From the simulation, the portfolio means 
µ𝑝 and 5% VaR 𝜖𝑝 for each possible portfolio combination were calculated. For example, 
if we have $50 million of weekly VaR of 5%, it means that over the course of the next 
week, there is a 95 percent chance that our portfolio will not lose more than $50 million. 
In this study, we used five different level of 5% VaRs – 20%, 25%, 30%, 35%, and 40%, 
to construct optimum portfolios of different level of risk tolerance.  
The optimization process chooses the optimal portfolio combination that yields 
the maximum portfolio mean subject to a certain level of 5% VaR tolerance. We have 
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used S&P 500 index as the benchmark to construct our portfolios because it reflects the 
characteristics of the most diversified portfolio possible. All the portfolio results are 
given in the appendix. 
We used two sets of portfolios for each of the frameworks (Markowitz, and 
Copula-VaR) - unrestricted portfolios, and restricted portfolios. In the construction of 
unrestricted portfolios, we let the risk optimization software maximize overall portfolio 
return without putting any constraints on the weights of the assets in the portfolios. 
Whereas, in restricted portfolios, we added a maximum allocation of 10% on an asset’s 
weight in a portfolio. The 10% constraint on the weight of the assets simulates a practical 
application by restricting over-allocation into one specific industry. Also, it has been used 
in the existing literature widely as it permits investors to invest in a diverse pool of assets 
(Chen, et al., 2015). 
We begin our portfolio analysis with the Markowitz portfolios. Table 5.1 and 5.2 
represent the summary of the unrestricted Markowitz portfolios. The objective function is 
to maximize portfolio return while having portfolio risk no higher than the S&P 500 
index's monthly return volatility. 
From Table 5.1, we observe that NEOG (asset class: food safety) and 
BIMBOA.MX (asset class: food) dominate the Markowitz portfolios for the overall 
timeframe (2005-17) and the bust timeframe (2013-17). The boom period’s (2005-12) 
portfolio consists of farmland, FMC (asset class: chemical), and SYT (asset class: 
chemical and seeds). We should note that the bust period’s period has the highest 
portfolio return among the three unrestricted portfolios. This result is somewhat 
surprising that during periods of a downturn, other agricultural related industries do well. 
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Table 5.2 shows the summary of the restricted Markowitz portfolio. Since we put a 
weight restriction on the assets’ maximum allocation in the portfolio, these portfolios 
demonstrate a diverse asset composition. A single asset class dominates none of the 
restricted Markowitz portfolios. The portfolios contain food, transportation, chemical, 
farmland, Ag products and seeds, food safety, Ag equipment, energy, and futures- all the 
asset classes.   
There are a couple of disadvantages of these Markowitz portfolios. Firstly, the 
optimization problem uses the covariance matrix to measure the portfolio risk. The 
calculation of volatility is appropriate when the returns are normally distributed, but we 
have seen previously (see the table 4.2) that the univariate marginal distribution the asset 
returns are not normally distributed. Secondly, this traditional approach of portfolio 
selection does not tell us anything about the downside of the investment.     
 Table 5.3, 5.4, and 5.5 represent the summary of the unrestricted Copula-Var 
portfolios for the three timeframes. All the unrestricted copula-VaR portfolios are 
dominated by farmland at lower risk tolerance level (20%, 25%, and 30%). As we 
gradually increase the level of risk tolerance, S&P 500 index (asset class: ETF) starts 
dominating the portfolios. The restricted copula-VaR portfolios are dominated by 
farmland as well (please see table 5.6, 5.7, and 5.8). However, the defined copula-VaR 
portfolios have higher returns compared to the unrestricted ones. As we increase the level 
of risk tolerance, the portfolios shift more towards other agricultural equities. This 
highlights the risk-return relationship of agricultural related companies.  
 There are some fundamental differences among the Markowitz and copula-VaR 
portfolios. As the Markowitz portfolios do not consider alternative marginal distributions 
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of the assets returns, they underestimate risk and put more weights on other agricultural 
equities (or allocate lower weights on farmlands). Markowitz portfolios have higher 
portfolios returns for that reason.  
And finally, we compare the portfolio compositions of boom and bust using the 
copula framework. The unrestricted copula-Var model (5% VaR (max allowable loss) = 
20%)) of the boom period contains NE (asset class: farmland), FMC (asset class: 
chemical), and TRMB (asset class: transportation). And the unrestricted copula-VaR 
model of the same risk tolerance level of the bust period holds over 98% of its total 
weight in NE (asset class: farmland), KS (farmland), and BIMBOA.MX (asset class: 
food). Both the boom and bust periods’ portfolios have similar weight allocation. 
When we compare the restricted copula-VaR portfolios of the boom and bust 
periods we see a similar pattern. The portfolio (Max. 25% loss for 5% VaR) of the boom 
period contains farmland (over 60% of the total weight), food, technology, food-safety, 
fertilizer, and energy equities. The bust period portfolios also have over 50% of its total 
weights allocated on farmland; however, this portfolio shows a more diverse set of asset 
classes. Although the overall portfolio composition remains same during the two sectoral 
cycles, agricultural equities show better performance during a farming slump.     
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CHAPTER 6 
CONCLUSION 
Recently the agricultural sector has drawn the interest of investors, and portfolio 
managers (Chen, et al., 2016). Development in farmland enhances the opportunity for the 
other related businesses. Despite the rise of opportunities in other agro-related sectors, 
farmland is still considered as the best option in portfolio construction. However, 
farmland is limited, and the high demand for this unique asset has raised its price 
significantly. In this study, we propose some alternative asset classes to farmland. The 
farmland REIT could be another alternative to traditional farmland investments as they 
are traded in the stock markets, and they are highly liquid. The transaction costs are also 
high for the traditional farmland, whereas farmland REIT has negligible transaction costs. 
High liquidity and low transaction cost have made farmland REIT a viable alternative to 
the farmland. However, the emergence of this new asset has not been old enough. We did 
not consider farmland REIT in this study because the farmland REIT started in 2013. It is 
too early to do a comprehensive analysis using this assets class.  
In this study, we have reconstructed agricultural portfolios using farmland and 
agriculture related equities. We focus on the composition of the agrarian portfolios during 
boom and bust. The portfolio composition does not vary during different sectoral cycles.  
The introduction of copula also makes our portfolio selection robust as it counters 
some of the limitations of the Markowitz portfolio theory, which have been the go-to 
model for the fund managers for decades. We found that traditional mean-variance 
approach underestimates portfolio volatility. Copula-VaR framework allows us to 
measure the downside risk of a portfolio.  
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Table 5.1: Summary of the unrestricted Markowitz portfolio 
          
Ticker Description 2005-17 2005-2012 2013-17 
 AGU  Ag products  3.60% 0.15% 
 BIMBOA.MX  Food   66.67% 
 CORN  Futures   2.51% 
 FMC  Chemical 12.15% 34.96%  
 IL  Farmland   10.42% 
 IN  Farmland 14.00%   
 NE  Farmland 24.57% 37.93%  
 NEOG  Food safety 49.28%   
 SYBNS  Futures   0.44% 
 TNH  Fertilizer   10.98% 
 TX  Farmland   1.55% 
 WHEAT  Futures   7.27% 
 SYT Chemical and seeds  23.51%  
     
Portfolio return (monthly) 1.31% 1.51% 1.73% 
Table 5.2: Summary of the restricted Markowitz portfolio 
          
Ticker Description 2005-17 2005-2012 2013-17 
 AGU  Ag products  10.00% 3.46% 
 BIMBOA.MX  Food 10.00% 10.00% 10.00% 
 CNI  Transportation 10.00%   
 CNQ.TO  Energy   3.24% 
 CORN  Futures  10.00% 10.00% 
 CP  Transportation 10.00% 10.00%  
 FMC  Chemical 10.00% 10.00% 10.00% 
 GIS  Food  10.00%  
 IL  Farmland   6.46% 
 MN  Farmland 10.00%   
 MON  Ag products and seeds   10.00% 
 MOS  Fertilizer   3.46% 
 NE  Farmland 10.00% 10.00% 6.54% 
 NEOG  Food safety 10.00% 10.00% 10.00% 
 RAVN  Ag equipment 10.00%   
 SU.TO  Energy   1.49% 
 SYBNS  Futures   1.22% 
 SYT  Chemical and seeds 10.00%  10.00% 
 TNH  Fertilizer  10.00% 10.00% 
 TRMB  Technology 10.00% 10.00%  
 WHEAT  Futures   2.07% 
 XOM  Energy   2.06% 
     
Portfolio return (monthly) 1.09% 1.50% 1.61% 
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Table 5.3:  Summary of the unrestricted copula-VaR portfolio for the timeframe 2005-17 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 FMC  Chemical 4.30% 4.30%    
 NE  Farmland 48.82% 48.82% 30.94% 23.92% 16.17% 
 NEC  Energy   0.06%   
 S and P  ETF 46.88% 46.88% 69.00% 76.08% 83.83% 
       
Portfolio return (monthly) 1.25% 1.25% 1.26% 1.27% 1.28% 
 
Table 5.4:  Summary of the unrestricted copula-VaR portfolio for the timeframe 2005-12 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 AGU  Ag products      
 CORN  Futures 25%     
 FMC  Chemical  16% 16%   
 NE  Farmland 75% 72% 72% 69% 69% 
 S and P  ETF      
 TRMB  Technology  11% 11% 31% 31% 
       
Portfolio return (monthly) 1.59% 1.68% 1.68% 1.77% 1.77% 
 
Table 5.5:  Summary of the unrestricted copula-VaR portfolio for the timeframe 2013-17 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 AGCO  Ag equipment  0.01%    
 BIMBOA.MX  Food 7.26% 28.61% 28.24% 28.24% 28.24% 
 IL  Farmland 2.37%     
 IN  Farmland  32.69%    
 KS  Farmland      
 MOS  Fertilizer   7.12% 7.12% 7.12% 
 NE  Farmland 57.00% 38.66% 64.64% 64.64% 64.64% 
 S and P  ETF 30.18%     
 SU.TO  Energy      
 SYBNS  Futures 3.20%     
 WHEAT  Futures  0.02%    
       
Portfolio return (monthly) 1.02% 1.03% 1.27% 1.27% 1.27% 
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Table 5.6:  Summary of the restricted copula-VaR portfolio for the timeframe 2005-17 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 AGCO  Ag equipment  0.01% 0.01%   
 AGU  Ag products 10.00% 0.64% 0.64%   
 BIMBOA.MX  Food      
 CA  Farmland 9.45%     
 CAT  Ag equipment 0.40%     
 CNI  Transportation 10.00%     
 CP  Transportation      
 DE  Ag and forestry equipment    9.85% 9.85% 
 DOV  Technology 0.06%   10.00% 10.00% 
 FMC  Chemical 0.45% 10.00% 10.00% 10.00% 10.00% 
 IA  Farmland 10.00% 10.00% 10.00%   
 IL  Farmland  10.00% 10.00%   
 IN  Farmland 10.00%     
 KS  Farmland 10.00% 10.00% 10.00% 10.00% 10.00% 
 MN  Farmland 9.42% 9.35% 9.35% 10.00% 10.00% 
 NC  Farmland 0.18%   5.97% 5.97% 
 NE  Farmland 10.00% 10.00% 10.00% 10.00% 10.00% 
 NEE  Energy      
 NEOG  Food safety  10.00% 10.00% 10.00% 10.00% 
 RAVN  Ag equipment      
 S and P  ETF 0.14% 10.00% 10.00% 10.00% 10.00% 
 STKL  Organic food      
 SU.TO  Energy      
 SYBNS  Futures      
 SYT  Chemical and seeds 10.00%   4.19% 4.19% 
 TNH  Fertilizer 0.06%   10.00% 10.00% 
 TRMB  Technology  10.00% 10.00%   
 TX  Farmland 0.15%     
 UT  Farmland 0.22% 10.00% 10.00%   
 WI  Farmland 9.46%     
 XOM  Energy      
       
Portfolio return (monthly) 0.89% 1.13% 1.13% 1.18% 1.18% 
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Table 5.7:  Summary of the restricted copula-VaR portfolio for the timeframe 2005-12 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 BIMBOA.MX  Food 10.00% 10.00% 9.98% 10.00% 10.00% 
 BUI.TO  Ag equipment      
 CA  Farmland 10.00% 1.98%    
 CORN  Futures 7.79% 2.55% 8.65% 0.08% 0.08% 
 DOV  Technology  9.97%    
 FMC  Chemical    10.00% 10.00% 
 GIS  Food  10.00%    
 IA  Farmland   10.00% 10.00% 10.00% 
 IL  Farmland 10.00% 10.00% 10.00% 2.76% 2.76% 
 IN  Farmland   10.00% 2.79% 2.79% 
 KS  Farmland 10.00% 10.00%  10.00% 10.00% 
 MON  Ag products and seeds 10.00%  8.02% 2.87% 2.87% 
 NC  Farmland 10.00%  3.33% 0.05% 0.05% 
 NE  Farmland 10.00% 10.00% 10.00% 10.00% 10.00% 
 NEOG  Food safety  10.00%    
 S and P  ETF 10.00%  10.00% 10.00% 10.00% 
 STKL  Organic food      
 SU.TO  Energy  3.39%  5.52% 5.52% 
 TNH  Fertilizer 10.00% 10.00% 10.00% 10.00% 10.00% 
 TRMB  Technology  1.88% 10.00% 10.00% 10.00% 
 UT  Farmland   0.03%   
 WI  Farmland 2.21% 10.00%  5.93% 5.93% 
 XOM  Energy  0.23%    
       
Portfolio return (monthly) 1.23% 1.29% 1.43% 1.50% 1.50% 
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Table 5.8:  Summary of the restricted copula-VaR portfolio for the timeframe 2013-17 
              
  5% VaR (Max) 
Ticker Description 20% 25% 30% 35% 40% 
 AGU  Ag products 6.71% 6.97% 5.36%   
 BIMBOA.MX  Food   9.76% 10.00% 9.64% 
 CA  Farmland  10.00% 10.00%  0.42% 
 DE  Ag and forestry equipment 0.21%     
 FMC  Chemical 7.47% 5.36%    
 IA  Farmland  3.45% 4.87% 10.00% 10.00% 
 IL  Farmland 10.00%  0.23% 5.27%  
 IN  Farmland 10.00% 6.15% 3.34%   
 KS  Farmland 10.00% 8.50% 10.00%   
 MN  Farmland 9.84% 6.15%  10.00% 10.00% 
 MON  Ag products and seeds  10.00% 6.87%  0.57% 
 MOS  Fertilizer 0.30% 0.36%  3.90% 0.11% 
 NC  Farmland 10.00% 5.43%    
 NE  Farmland 10.00% 10.00% 10.00% 10.00% 10.00% 
 NEOG  Food safety 10.00%   10.00% 9.86% 
 RAVN  Ag equipment     0.53% 
 S and P  ETF  0.11% 0.13% 0.04%  
 SU.TO  Energy  0.03% 8.26% 10.00% 9.63% 
 SYT  Chemical and seeds 0.06%   10.00% 9.60% 
 TNH  Fertilizer 1.84% 2.72% 10.00% 9.43% 9.62% 
 TRMB  Technology    0.55% 9.49% 
 TX  Farmland  10.00% 10.00% 10.00% 10.00% 
 UT  Farmland 10.00% 10.00% 10.00%  0.03% 
 WI  Farmland 3.57%  1.19% 0.80%  
 XOM  Energy  4.77%   0.51% 
       
Portfolio return (monthly) 0.97% 1.02% 1.29% 1.42% 1.47% 
 
 
 
 
